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Abstract
This paper examines how the different characteristics of both electric
vehicles themselves and the consumers would influence the consumption
behavior on electric vehicles. Data collection is based on the questionnaire
design using the orthogonal experimental method and large-scale stated
preference survey covering more than 2000 households in 10 central districts
of Shanghai. Three types of electric vehicles, i.e. fast charging, battery
swapping and slowing charging are investigated according to a set of factors,
such as acquisition costs, operation and maintenance costs, charging time and
convenience, mileage, preferential policies and so on. We analyze the data
with the nested-logit model.
Our results suggest that the mode of battery swapping with slowing
charging enjoys a relatively higher proportion in Shanghai, though there is no
absolutely dominating type. By group classification analysis, the male, the
young, the well-educated and the well-paid groups share relatively low
proportion of selecting electric vehicles. Furthermore, consumers pay more
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attention to daily variable usage cost and charging time instead of acquisition
costs. All these suggest the necessity for the government to adjust the current
supporting policy in order to cultivate the electric vehicle market effectively.

Keywords: Electric vehicle; Nested-logit model; Stated preference experiment;
Willingness to pay
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1. Introduction
The transport sector is the main source of growing air pollution and
greenhouse gas emissions. Greening the transport is widely considered as an
effective means of addressing such environmental issues. In the context,
electric vehicle (EV) is part of an integrated package of such a greening
strategy, and will play an increasing role.
Indeed, EV has an unparalleled advantage in energy efficiency. Its energy
efficiency is 3 times that of the traditional internal combustion vehicle and 2
times that of the plug-in vehicle [12]. Meanwhile, calculated in the current
power and oil price, the EV fuel cost is much lower than that of internal
combustion vehicle [11]. However, the development of electric vehicle is still
hindered by various factors. On the one hand, owing to the high battery cost,
the acquisition and O&M costs of electric vehicle are higher than that of the
internal combustion vehicle. On the other hand, compared to internal
combustion vehicle, electric vehicle still suffers some technical defects.
Nowadays the on-going EV demonstration projects in China are mainly
concentrated in the public transport and utilities sectors. However, little
research has paid attention to the demand side of electric vehicles. The factors
influencing consumers’ demand for green transport remain still unclear.
Meanwhile, due to the significant social benefits from EV promotion and
application, it is essential for the government to compensate and encourage
both the manufacturers and consumers via payment transfer, thus providing a
sustainable public supply that has a nature of positive externality. Theoretically,
the key issue lies on the consumers’ acceptance and preference to green
products and the valuation of environmental risk premium, which is directly
related to the allocation of government subsidies, the tax structure adjustment
and the regulation on traditional internal combustion vehicles.
There have been growing studies on the demand preference of transport
mode. In particular, since the 1990s, a large variety of policy needs targeted at
3
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the governance of externalities in the transport sector have made this research
area much more active. Design of the congestion tax system, construction of
the rapid transportation system, amendment of the fuel-economy standards
and development of the alternative energy vehicles are all calling for the micro
study about demand preference of transport mode. Based on the behavioral
experiments and discrete choice models, the stated preference analysis is the
widely-used theoretical approach, especially for the measurement of
environmental value which can be progressed without the existence of a
realistic trading market.
For example, at the beginning of the 1990s, scholars have conducted a
series of studies on consumers’ choices of alternative energy and clean fuel
vehicles in California, U.S. (Bunch et al. [7], Golob et al. [9], Nesbitt and
Sperling [17], Brownstone et al. [4] [5], Martin [15]). Stated preference survey
combined with a variety of discrete choice models is widely adopted in these
studies. Layton [8] bridged random coefficient models with the preference
survey and brought the willingness to pay (WTP) analysis into environmental
issues. Adamowicz et al. [2] combine two types of preference methods
together to value environmental amenities. And then a question lies ahead is
what kinds of positive feedbacks would the consumers give back to in terms of
the stimulus plans?
Since this century, as the perspective of scaled up EV application is
becoming more evident, some studies on demand-side behavior were
undertaken for Canada (Potoglou & Kanaroglou [21]), the United Kingdom
(Mourato et al. [16], O’Garra et al. [18] [19], Lane & Potter [13]), Germany
(Adamson [3]) and Netherlands (Mabit & Fosgerau [14]). Differing from
California, regional environmental problems in these countries are not that
severe.

The reforming pressure of the transport sector in these countries

comes mainly from the need for low carbon transformation. Based on the
collected samples, such studies analyzed the relationships among consumers’
4
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preference for different types of clean energy vehicles, consumers’ individual
characteristics, driving characteristics and vehicle characteristics. For example,
Mourato et al. [16] focused on the degree of taxi’s acceptance of fuel cell
vehicles. Adler et al. [1] devised a three-tier experiment containing gasoline
vehicle, hybrid vehicle and diesel vehicle. With the application of nested-logit
model, it is found that battery cost and effective incentives are the determining
factors for Californian residents’ acceptances toward electric vehicle and,
meanwhile, daily transport cost and charging time also matter. With the use of
E-questionnaire technology, Potoglou and Kanaroglou [21] undertook a study
for the Hamilton Urban Circle, Canada, which is similar to the California case
of Adler et al. They scheme out three options in the questionnaire: gasoline
vehicle, hybrid vehicle and battery swapping vehicle, incorporate the often
ignored neighbors’ characteristics as one of the factors affecting the choices of
transport modes, and analyze the data using a three-tier nested-logit model.
According to their research, acquisition cost, tax break and low emission rate
are the factors that influence residents’ choices most, whereas other incentive
measures such as free parking show little effect.
Existing studies have suggested that, no matter whether it is based on
independent selection experiment or contingent valuation method, consumers’
demand preference for new energy vehicles is closely related to regional,
population and time characteristics. Therefore, there is great need to carry out
more specific experimental studies in places that are at different development
stages, have various transportation modes and have diversifying population
characteristics. Such studies aim to find out the influential characteristics of the
EV demand, investigate whether and to what extent preferential policies to
promote the development of new energy vehicles, such as acquisition subsidy,
gasoline tax and congestion fee reduction, electricity price subsidy and
reserved parking lots, are effective, and examine whether the conclusions from
the stated preference experiment of other regions can be applied directly.
5
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To that end, this paper examines how the different characteristics of both
electric vehicles and the consumers would influence consumers’ preference,
as well as the incentive policy effect in Shanghai1. In Section 2, we discuss the
orthogonal experimental method in our survey and the nested-logit model. In
the aforementioned studies for industrialized countries, none of them has
taken the charging mode into consideration. In fact, such factor not only has a
bearing on charging time and convenience, but also is directly linked to
acquisition costs and daily usage cost. In our study, we have taken the factor
into consideration, and have addressed the complication of additional choice
branch and valuation level. In Section 3, we detail unique survey designs and
data collections. Section 4 provides statistic analysis of the results. The paper
ends with some concluding remarks and policy implications.

2. Methodology
2.1 Experimental Design
In this paper, we focus on consumers’ demand characteristics of three EV
modes: fast charging, battery swapping and slow charging. On the basis of the
stated preference experiment, we set two categories involving “gasoline
1

Shanghai is the center of economy, finance, shipping and trade in China,
which has a high rising tendency in motorization. From 2000 to 2009, the
number of civilian vehicles in Shanghai increased by 280%, resulting in a rapid
rise in transport energy demand from 11.6% to 19.1% of the total energy
consumption during the period. Among the 22 megacities in Asia, Shanghai
tops the list for energy consumption per unit of GDP and CO2 emission per
capita, making Shanghai become a typical high-carbon city (Asian Green City
Index, 2011). Meanwhile, car emissions such as NOx, PM, and O3 have
become the major pollution problems in Shanghai. Shanghai is now the
demonstration city of low-carbon and new energy vehicle subsidy. During the
WORLD EXPO 2010, more than 1300 new energy vehicles were put into
operation, which is to date the largest pilot program of new energy vehicles.
Moreover, there has been an increasing awareness for new energy vehicles.
All the features mentioned above make Shanghai an ideal city to do the
large-scale survey.
6
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vehicle” and “electric vehicle” in the first-tier choice branch, where the electric
vehicle has three sub-branches: battery swapping only, fast charging
complemented with slow charging (fast charging & slow charging) and battery
swapping complemented with slow charging (battery swapping & slow
charging). We make this combination of the single and composite modes in
order to simulate the features of real-world applications accurately and to
address the on-going debate on different types of charging while there is no
easy way to figure out which mode could succeed without others’ assistance.
Then we set the characteristic factors corresponding to each type of
vehicles.

Combining

with

the

information

from

the

electric

vehicle

demonstration project in Shanghai, as well as the preliminary results of the
study 2 , we finally select three main attributes: economic cost attribute,
technical attribute and policy factor. Economic cost attribute factor includes
three variables: acquisition cost (sum of vehicle body price and battery price),
fuel cost (oil cost or power charging cost) and maintenance cost (sum of car
body maintenance cost, battery maintenance cost and insurance premium);
technology attribute factor consists of three variables: charging time (time for
fuel charging or battery charging), charging convenience (charging station
distribution density and the proportion of electronic schedule system equipped),
and mileage; policy factor involves some preferential policies (congestion fee,
distribution of

pre-sale charging cards and availability of reserved parking

lots). Based on the current domestic standards, related industry reports and
interviews with experts of the power utility and auto sectors, three valuation
levels are set for each variable.

2

Compared with the final questionnaire, the preliminary one includes “noise
pollution” and “personal consumption psychology”. The personal consumption
psychology is to investigate in which stage the consumers tend to buy the
product in the promotion stage. The main electric vehicle market promotion
stages include 3 states: the starter stage, the development stage and the
mature stage. But the preliminary results show that respondents are not
sensitive to these two variables, so we dropped them out from the final
questionnaire.
7
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Given four types of vehicles and seven variables with each assigned three
levels,, we can get 2187 combination sets in total. However, it would be very
costly but unnecessary if all the possible sets are fulfilled in a large scale
survey. Therefore, we adopted the orthogonal experimental method as the
basic designing method in our survey. Thus, an orthogonal table is built
generally for an experimental design and statistical analysis. The method
could give consideration to the advantages of both the full-scale testing
method and simple comparison method to the maximum extent. Based on the
method, we can ensure the high representativeness and convenience of the
large experiment. See Table 1 for our final questionnaire settings.

8
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Table 1 Related factors and kevels assigned in the EV home-entry investigation questionnaire
Attribute
Vehicle type

Acquisition price

Fuel cost

Car A

150,000

￥0.8/km

￥10,000/ year

premium)

Mileage

Preferential policy

Charging mode

Car C

Gasoline vehicle

Maintenance cost (fix
cost and insurance

Car B

400km

No congestion fee

Gas station

Electric vehicle
50,000

150,000

50,000

75,000

200,000

75,000

100,000

250,000

100,000

￥0.4/km

￥0.1/km

￥0.3/km

￥0.6/km

￥0.15/km

￥0.4/km

￥0.8/km

￥0.2/km

￥0.5/km

￥6,000/year

￥30,000/year

￥8,000/year

￥5,000/year

￥20,000/year

￥7,000/year

￥4,000/year

￥15,000/year

￥6,000/year

125km

125km

125km

150km

150km

150km

225km

225km

225km

None

None

None

pre-sale charging card

pre-sale charging card

pre-sale charging card

Reversed parking lots

Reserved parking lots

Reserved parking lots

Battery Swapping
Charging station density：

Charging Convenience

Car D

10% of the current gas
station density

Fast charging

Slow charging

Fast charging station
density：10% of the
current gas station
density

Battery Swapping

Slow charging

Charging station
100% in parking lots

density：10% of the

100% in the

current gas station

parking lots

density

9
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The current gas
station density

Charging station density：
50% of the current gas
station density

Charging station density：
70% of the current gas
station density

Fast charging station
density：30% of the
current gas station

Charging station
80% in the parking lots

density

density：30% of the
current gas station

80% in the
parking lots

density

Fast charging station

Charging station

density：50% of the

50% of the parking

density：50% of the

50% of the

current gas station

lots

current gas station

parking lots

density

density

No electronic
schedule system

Electronic schedule system equipped

equipped

Charging time

5 minutes

5minutes

50% in 5 minutes

100% in 5 hours

3 minutes

100% in 3 hours

10minutes

50% in 10 minutes

100% in 5 hours

3 minutes

100% in 3 hours

15minutes

50% in 15 minutes

100% in 5 hours

3 minutes

100% in 3 hours

10
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2.2 Nested-logit Model
In our experiment, consumers face a two-tier choice branch. In order to
keep authenticity of the result, consumers’ choices should be kept independent
and options will not influence each other. This is the so-called independence of
irrelevant alternatives (IIA), which means that for the consumers, the
probability ratio of choosing from two alternatives will not be influenced by the
fixed term of the utility function. The more similarities between the
characteristics of alternatives, the more likely the IIA would be unsatisfied. In
our study, there are many similarities among different kinds of electric vehicles,
which share little in common with the gasoline vehicle, thus failing to meet the
IIA condition. Thus, we applied the nested-logit model to estimate the
influential parameters in the questionnaire. See Figure 1 for the choice
structure tree.

Figure 1 Choice structure tree

Respondents

Electric
vehicle (1)

level 1(m)

level 2(rm)

Battery
Swapping(11)

Slow+ Fast
charging(21)

Gasoline
vehicle (2)

Slow
charging+Swa
pping(31)

Fuel
charging(12)

The subscription “rm” indicates the consumers’ final choice, of which “m”
represents the EV and gasoline vehicle categories in the first tier; “r”=1,2,…,
indicates the corresponding sub-category in tier 2 under every choice category
in tier 1. Hence, subscription “12” means that consumer has finally chosen the
gasoline vehicle, subscription “11” the battery swapping electric vehicle and so
forth. Therefore, we can get the probability of the choice of the n

th

consumer

11

Published by Berkeley Electronic Press Services, 2013

11

Fondazione Eni Enrico Mattei Working Papers, Art. 832 [2013]

as follows:

Pn  rm   Pn  r | m  Pn  m 
Pn  r | m  is the conditional probability that the r category in level 1 is
chosen given that the m category in level 1 is chosen. Pn  m  is the probability
that the m category is chosen in level 1. According to the random utility theory,
we can get:

U rmn  V r |m n    r |m n  Vmn   mn

U rmn is the utility when the nth consumer chooses the alternative “rm”.
V r | m n is the changing part of the utility’s fixed term as a result of the
combination of “rm” and “m” when consumer chooses the alternative “rm”.

  r | m n is the probability corresponding to V r |m n . Vmn is the fixed term that is
irrelevant to “r” and changes with m when consumer picks the alterative “rm”.

 mn is the probability corresponding to Vmn .   r |m n and  mn follow a double
exponential distribution with a zero mean and a variance  12 ,  22 respectively.
According to the multi nominal logit model, we get:

Pn  r | m  
Pn  m  

V

e  r |m  n


e



Rmn
r ' 1

V

e  r '|mn



*
 Vmn Vmn

Mn

e
m ' 1





 Vm ' n Vm* ' n



in which,
Rmn

*
mn

V

 ln  e  r|mn

λ=

V

r 1

π
√6

(σ22 + 1)

Besides, according to the linear assumption of the utility function, we can
rewrite V r |m n and Vmn as a linear combination of variable X as follows:

12

http://services.bepress.com/feem/paper832

12

Wu et al.: Understanding the Consumption Behaviors on Electric Vehicles

K1

V r |m n  βX r |m n    k X  r |m nk
k 1

K2

Vmn  θXmn   k X mnk
k 1

of which, β   1 , 2 ,

,  K1 

,

is the K1-order unknown vector of the

alternatives in level 2 which influences consumers’ utilities.

X r |m n   X  r |m n1 , X  r |m n2 , , X  r |m nK  is the K1-order featured vector. It

1 
,
changes with “r” in the featured variables of the alternative “rm” picking, that is,
the value level of each element in the questionnaire.

θ  1 ,2 ,

, K2  is the K2-order unknown vector when the alternatives in
,

level 1 are picked.

Xmn   X mn1 , X mn 2 ,

, X mnK2  is the K2-order featured vector, and changes
,

with “m” in the featured variables of the alternative “rm” picking,
Then we get the final expression of Pn  rm  ,

Pn  rm   Pn  r | m  Pn  m 
1
 X
e k 1 k  r|mnk
K





e
r ' 1
Rmn

K1

k 1 k

X  r '|m nk



e



2 

Mn
m ' 1



 k 21k X mnk  ln  r mn1 e  r|mn 

e

K

2 


R

V

 k 21k X m ' nk  ln  r mn1 e  r|m 'n 
K

R

V

Appendix provides the summary of the detailed data required in our study.

3. Survey and Data
Personal in-home surveys have been conducted in the process of data
collection. The advantage of this survey method is that through the
face-to-face interviews, the first-hand information can be obtained smoothly.
By means of interviewers’ questions and the explanations to the interviewees,
the veracity and effectiveness of the survey can be ensured. The problem with
this mode of data collection, however, is that it would not be representative if
13

Published by Berkeley Electronic Press Services, 2013

13

Fondazione Eni Enrico Mattei Working Papers, Art. 832 [2013]

the survey is limited within a small-scale range. Therefore, a reasonable
sample size must be matched in this survey.
Having considered about the current transportation and economic
situations in Shanghai, we took a fixed proportion in-home survey on the basis
of the registered population distribution in different districts of Shanghai. Based
on Shanghai Administrative Districts Handbook 2010, we adopted the PPS
(probability proportional to size) sampling method to extract the neighborhoods
from the registered population in 10 central districts. Forty respondents were
selected in each neighborhood by the method of random start3. Since the outer
suburbs are not the priority places and possess a fewer population, our survey
focused mainly on the urban and suburban areas in Shanghai (See Table 2). In
this survey, over 2000 households are selected. With the cooperation of
professional survey firm, we spent about one month (December 28, 2010 –
January 30, 2011), organizing the personnel, training interviewers and
undertaking in-home interviews. Finally, we collected about 2,000 samples in
the

downtown

area

of

Shanghai,

which

is

comparablel

to

some

aforementioned important studies [1] [33], with 1998 questionnaires confirmed
valid. We then paid a return visit to 20% of the valid questionnaires to ensure
the authenticity and reliability of the results.

3

Radom start: During the process of audit and research design, a sample will
be confirmed in terms of the intersections of the ranks in the random numbers
table.
14
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Figure 2 The sampled population distribution
Pudong New
District
9%
Huangpu
9%
Yangpu
15%

Luwan
4%

Xuhui
13%
Changning
8%

Hongkou
11%

Zhabei
11%

Putuo
15%

Jing'an
5%

Table 2 Sample distribution of the in-home surveys
Districts

Extracted neighborhoods

Households

Huangpu

4

160

Luwan

2

80

Xuhui

6

240

Changning

4

160

Jing’an

2

80

Putuo

8

320

Zhabei

6

240

Hongkou

6

240

Yangpu

8

320

Pudong New District

4

160

Total

50

2000

Table 3 shows the basic information of the valid respondents (households).
It can be seen that the indexes of gender, age, education and monthly family
income distribute almost evenly, which could satisfy the basic requirements of
experimental studies.
15
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Table 3 Basic information classification of the valid respondents

Gender

Age

Education

Monthly family
income (RMB)

Male

54%

Female

46%

18—29

31%

30—39

24%

40—49

20%

50—59

17%

60—69

6%

Over 70

1%

Secondary education or below

9%

High school /Vocational school

33%

College

24%

Undergraduate

30%

Master or above

4%

Below 1000

1%

1001—5000

21%

5001—10000

40%

10001—15000

23%

15001—20000

11%

Above 20000

5%

4. Statistic Results
4.1 Statistic information and classification analysis
In terms of the vehicle categories, battery swapping mode tops the choice
accounting for 27.31% of all respondents, followed by slow charging & battery
swapping, while gasoline vehicle comes last (Table 4), which as a whole
indicates a promising potential EV market in the future.
Table 4 Choices distribution

Vehicle Types

Selected Number

Gasoline

1408

Percentage
23.49%

16
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Battery swapping

1637

27.31%

Slow & fast charging

1526

25.46%

Slow charging & battery swapping

1423

23.74%

From the information classification, we could know the tendencies of
different groups. From the gender characteristics, compared with the male
respondents, we find that female enjoys a higher proportion for electric vehicle.
They are more inclined to battery swapping or battery swapping & slow
charging electric vehicle. Two reasons may explain the phenomenon. The first
is because a higher proportion of male respondents have experienced driving
gasoline vehicles, and thus will experience a higher switching cost than the
female drivers. The second is that some studies have shown women are more
sensitive to the environmental value and thus easier to accept green products
(Diamantopoulos et al. [24], Borchers et al. [25], Wiser [26]).
Figure 3 Choices distribution of gender
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Slow charging &
battery swapping
Slow charging &
fast charging
Battery swapping
Gasoline

Male

Female

From the age aspect, battery swapping mode is most favorable for the
interviewees aged from 18-69 (people aged below 18 and above 70 are
restricted from driving according to the Chinese laws). In the group aged from
18-29, battery swapping mode is much more popular while in the group from
30-59, the portion of fast & slow charging mode rises with the increase of age.
It clearly shows that the awareness popularity and habit formation are
17
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essential for the promotion and popularization of new charging methods and
technologies (See Figure 4).
Figure 4 Choice distribution of age
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Slow charging & battery
swapping
Slow charging & fast
charging
Battery swapping
Gasoline

18-29 30-39 40-49 50-59 60-69 70 and
above

In light of the education, the number of consumers receiving high school,
college or undergraduate education accounts for 87% of the total respondents,
which assures the representativeness of the sample. These three groups’
choices are evenly distributed. High school group prefers battery swapping
mode while undergraduate group makes a similar choice percentage between
gasoline vehicle and electric vehicle. Besides, the percentage of choosing
gasoline vehicle rises with the increasing of educational level which is just
opposite for the battery swapping mode electric vehicle. Group with a master
degree and above has the largest percentage of gasoline vehicle preference.
There are two reasonable explanations for the result. First is because the
sample size of master degree and above is only 213 in total and only accounts
for 3.55%, which is normal for the uncommon results. The second reason is
that well-educated people usually have a higher income or expected income.
They have more concerns and discretion towards the development of new
vehicles, which has a lack of policy guidance. Meanwhile, the willingness of the
well-educated gasoline vehicle owners to change the status quo is relatively
low.

18
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Figure 5 Choice distribution of education level
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Slow charging & battery
swapping
Slow charging & fast
charging
Battery swapping
Gasoline

The level of family income is most closely linked with consumer
tendencies. In our survey, we focused on the most potential group with a
monthly family income exceeding RMB10, 000. According to the data, the
number of choosing gasoline vehicle is the largest; the proportion of battery
swapping & slow charging mode is the highest among these three EV modes.
In terms of the general trend, the percentage of gasoline vehicle rises with the
increase in family income. Objectively, strong transport property and weal
personal property attribute coexist in smaller-engined electric vehicle; auto
buying of the well-paid group, however, is not simply for transportation need,
but much for extravagance and comfort. Furthermore, high-paid group has a
higher percentage in gasoline vehicle owning, which faces an exit cost and a
license fee limitation for buying a second car.
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Figure 6 Choice distribution of family income
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Slow charging & battery
swapping
Slow charging & fast
charging
Battery swapping
Gasoline

In conclusion, as shown in Table 5, the ratio of choosing electric vehicle
decreases with the increase of age, education level and household income.
Female consumers have a higher percentage of choosing electric vehicle than
the male counterpart. These findings may be different from common sense,
but are of great reference for policy research. They suggest a regulation of
relying on purchasing subsidy policy alone may have little effect for it is a
long-term process to change consumers’ driving habits and requires
multi-cooperation.

Table 5 Choice distributions by different types of household
Classification

Male
Gender
Female

Gasoline
856
(26.57%)
552
(19.91)

Battery
Swapping

Slow & fast
charging

Slow charging
& battery
swapping

853 (26%)

790 (25%)

723 (22%)

784 (28%)

736 (27%)

700 (25%)

Age

18-29
30-39
40-49
50-59
60-69
Above 70

447 (24%)
356 (24%)
284 (24%)
244 (23%)
77 (20%)
0 (0%)

539 (29%)
368 (25%)
320 (27%)
267 (26%)
125 (33%)
18 (60%)

447 (24%)
359 (24%)
308 (26%)
303 (29%)
106 (28%)
3 (10%)

436 (23%)
384 (26%)
288 (24%)
230 (22%)
76 (20%)
9 (30%)

Education
level

Secondary
education and

120 (21%)

134 (24%)

161(29%)

146 (26)
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below
High
school/Vocational
school
College
Undergraduate
Master and above

Monthly
family
income

Below 1000
1001-5000
5001-10000
10001-15000
15001-20000
Above 20000

414 (21%)

628 (32%)

509 (26%)

423 (21%)

332 (23%)
474 (26%)
68 (32%)

386 (27%)
445 (24%)
44 (21%)

371 (26%)
430 (24%)
55 (26%)

336 (24%)
472 (26%)
46 (22%)

6 (17%)
232 (18%)
525 (22%)
342 (25%)
197 (30%)
106 (35%)

14 (39%)
397 (31%)
636 (27%)
370 (27%)
150 (23%)
70 (23%)

10 (28%)
328 (26%)
580 (24%)
363 (27%)
162 (25%)
83 (27%)

6 (17%)
309 (24%)
644 (27%)
281 (21%)
139 (21%)
44 (15%)

4.2 Regression analysis of sensitive factors
Based on the collected data, we use the MDC (multinomial discrete choice)
procedure of the SAS software to calculate the parameter regression aiming at
the nested-logit model. The MDC procedure is a model designed to the
alternative computation, including conditional-logit model, mixed-logit model,
nested-logit model and multinomial-probit model. Having a similar framework,
these models only differentiate in different premise hypotheses. For the
nested-logit model, there are several parameter regression methods. Hensher
[10] summarized two methods aiming at the nested-logit model: sequential
maximum likelihood method (SML) and full information maximum likelihood
method (FIML). Thereafter, with the application of Monte Carlo simulation
method, Brownstone and Small [6] compared the estimators computed by SML,
FIML and linearized maximum likelihood method (LML). They found that the
FIML method has the best property among those three methods. It is not only
the most effective one, but also the one that can get an estimator in most
cases, whereas LML and SML estimator cannot be worked out under certain
conditions. Besides, a serious downward bias exists in the SML parameter
estimation in level 2. Based on these types of researches, SAS adopts FIML
method, a method with better regression features, to estimate the nested-logit
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model.
Table 6 shows the regression result of the nested-logit model, where we
can find five parameters including fuel cost, maintenance cost, mileage, slow
charging time and the interaction term of slow charging time and fast charging
time passed the test of significance.

Table 6 Parameter estimation results under optimal choices of the total
respondents

Level
2

Dummy 1 in L2

-0.0731

.

.

.

Dummy 2 in L2

0.077

.

.

.

Dummy 3 in L2

-0.0411

.

.

.

Purchase price

-4.02E-08

4.98E-07

-0.08

0.9356

Fuel cost

-0.007292

0.001358

-5.37

<.0001

Maintenance cost

-0.000017

3.80E-06

-4.41

<.0001

Pr>|t|

Specialized parking space

0.2014

.

.

.

Pre-sale charging card

0.1769

.

.

.

6.15

<.0001

Mileage

convenience

Charging
time

1

Error

t Value

Approx

Estimate

Charging

Level

Standard

Parameter

0.001455

0.000237

Slow

0.1978

.

.

.

Fast

-0.248

.

.

.

Interaction

0.489

.

.

.

Slow

-0.001307

-9.58

<.0001

Fast

-0.0866

.

.

Interaction

0.000336

16.07

<.0001

0.000136
.
0.0000209

Dummy in L1

-0.0407

.

.

.

Congestion charge

0.0902

.

.

.

λ1

0.8885

.

.

.

λ2

1.2902

.

.

.

The negative coefficient of fuel cost indicates that the utilities of
purchasing will drop with the increase of fuel cost, thus decreasing the
probability of buying a car. For example, if the fuel cost of vehicles A, B and C
remains the same, the rise in vehicle D’s fuel cost will lead to a declining
22
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probability of vehicle D purchasing and the rising probability of vehicles A, B
and C.
The sign of coefficients of maintenance cost and charging time is similar to
that of fuel cost, being negative. But compared to the fuel cost, consumers are
less sensitive to the maintenance cost.
The positive coefficient of mileage means that the utilities of vehicle
purchasing go up with the increase in mileage, leading to the probability rise of
car buying.
The coefficient of the interaction term of slow & fast charging time is
positive. Whether this reflects the reality needs further discussion. Having
considered about the complication of the interaction term theory, we adopted
the following equation:

U  0  1  regular  2  fast  3  regular  fast
From the regression result, we get 3  0 .

Figure 7 Interaction of slow and fast (urgent) charging time

Now let’s consider two types of vehicles, namely type 1 and type 2. Except
for the corresponding slow charging time a and b, all other elements of type1
and type 2 are kept the same. We then get the utilities of type 1 and type 2:

U1  0  1  a  2  fast  3  a  fast
U 2  0  1  b  2  fast  3  b  fast
The utility difference is
23
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U  U1  U 2   a  b  1   a  b  3 * fast
According to the results of the non-interaction term, when the charging
time goes up, the utility drops which means that β1 is negative. When a  b ,
which means the slow charging time of type 1 is longer than that of type 2, the
decreasing speed of utility 1 is slower than that of utility 2. This means the
longer the slow charging time, the less consumer sensitiveness to the fast
charging time and vice versa.
Acquisition price, incentive policy and charging convenience fail to pass
the significance test. The insignificance of purchasing price is actually a very
important finding. It reflects that consumers pay much more attention to future
variable cost than “one-off” purchasing cost when it comes to car buying. That
is to say, consumers are rational to the dynamic state behavior and the
integrated cost benefit. The result shows that with the popularity of the EV
concept, Shanghai citizens have turned their attention from the initial
purchasing cost to the future daily usage cost, pointing out the necessity for
the government to adjust the subsidy policy. Therefore, the relative subsidy
policies should shift away from car purchasing to electricity price subsidy to
lower daily usage cost.
The failure to pass the test also happens in specialized parking lots and
pre-sale charging card, which means that consumers are not sensitive to this
kind of public incentive policies. In addition, the failure of coefficient of charging
convenience is beyond our expectation. Contrast to the relative analysis in the
pre-survey, we think that it mainly results from the adjustment of the charging
stations coverage (We adjusted the density extent of charging stations from
10%-50%-70% to 90%-100%-120%). The reason of the adjustment is that we
found from the pre-survey that the planned infrastructure construction scale in
related enterprises is much bigger than what we have expected. In our view,
the reason for the insignificance of charging convenience is that it will not be a
sensitive factor any more (slight fluctuations within the threshold that have little
24
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influence) if EV charging is as convenient as gasoline vehicle (in consumers’
opinion).
It should be pointed out that after classifying the samples in terms of
family income, the regression result shows that for the specific low income
household who already had their own cars, acquisition price passed the test
(nearly 5% significant and negative), and it also goes to the high income car
owners (nearly 20% significant and negative), showing that consumers’
insensitiveness to acquisition cost would change in certain conditions. One
reason lies in that private car owners have a better understanding of
performance index of the electric vehicle, which gives them a sensible
awareness towards price and further explains the price insensitiveness stated
above by the application of information symmetry theory. Meanwhile, the EV
acquisition is either alternative or complementary for the car owners who have
larger demand elasticity than the fresh car buyers. Moreover, we find the low
income group is more sensitive to price compared with the high income
counterpart. This is in line with the reality because high income group has a
higher endurance towards price increase.

4.3 Willingness to pay (WTP)
Willingness to pay for fuel cost measures the extra fuel cost consumers
would like to pay for other benefits. We could get WTP, ceteris paribus, when a
utility term coefficient is divided by the fuel cost coefficient. We calculated the
WTP of purchasing price, maintenance cost, mileage and charging time in
different classifications, which can be found in Table 7 (the figure in the table
means the fuel cost per hundred kilometers consumers would like to pay;

*

means insignificant).

Table 7 WTP for fuel cost per hundred kilometers
Classification

Purchase
price decline
by RMB10,000

Maintenance
cost cut by
RMB5,000/y

Mileage
increase by
50 kilometers

Slow
charging time
cut by 60
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Whole sample

*

11.66

9.98

minutes
10.75

Middle income

*

14.11

8.83

*

High income

*

9.71

9.71

14.03

Car owners

*

10.45

9.00

3.21

*

12.63

10.33

19.01

Non-car
owners

In which
Car owners
Low income
Middle income
High income

3.99

*

12.38

41.61

*

8.39

7.38

*

3.07

28.59

24.52

35.00

Non-car owners
Middle income

*

20.04

9.88

*

High income

*

*

12.46

256.32

s

As listed above, in terms of the whole sample, consumers would like to
pay an extra RMB11.66/100km for RMB5, 000 saving in maintenance cost. It is
RMB14.11/100km for middle income family and RMB9.71/100km for high
income family. We can see that middle class family is more sensitive to
maintenance cost while high income family is relatively sensitive to fuel cost
(the greater the figure, the higher sensitiveness for the group within the same
column). Similarly, under the whole sample, consumers are willing to pay an
extra RMB9.98/100km for 50 km increase in mileage. It is RMB8.83/100km for
middle income family and RMB9.71/100km for high income family. It is easy to
see that middle income family is more sensitive to maintenance cost while high
income family is relatively sensitive to mileage. Consumers’ WTP is directly
related to the construction direction, price interval and governmental subsidy in
the promotion of electric vehicle and EV charging mode. For instance,
according to the consumers’ WTP results and the prediction data of car
possession, we could do some simple analysis of inestment earnings: take fuel
price increase and battery life research support for example, consumers can
endure a mark-up of R9.98/100km if there is a mileage increase of 50km.
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When the EV number reaches 36, 700, the optimistic estimate in 2015, if each
car runs 10, 000 km per year, a fuel revenue worth RMB36.63 million would be
reached (36, 700*10,000*9.98/100=3663) to support the relative research and
development.

5. Conclusions and Policy Implications
With the application of the stated preference experiment and the
nested-logit model, this paper studies the demand preference among different
EV types of residents in large cities of China. Since Shanghai possesses a
good practice foundation in demonstration application and infrastructure
construction, we launched a large sampling survey in 10 central districts of
Shanghai and studied on the multiple factors that influence consumer demand
behavior.
In this paper, we found that Shanghai residents prefer to choose a battery
swapping mode or slow recharging & battery swapping mode. This choice is
linked to swapping mode’s effectiveness of lowering the initial acquisition cost
and the possibility of cutting the maintenance burden. On the whole,, EV
swapping station could break through the limitation of land resource to
charging stations and reach a high coverage by efficient logistics system. For
consumers, the battery swapping & slow charging mode could reduce the
maintenance cost and add the convenience degree effectively. Governmental
departments could hence guide the battery and automobile manufacturers and
electricity suppliers to better optimize the EV developing pattern.
In the group classification analysis, the male, the young, the well-educated
and well-paid groups are found to have a relatively low proportion of selecting
an electric vehicle and vice versa, which is quite different from that in the
developed countries. There are two plausible explanations. On the one hand,
because of the relatively low level of economic development, there is a "vanity
effect" in the use of gasoline vehicle. On the other hand, sunk cost is an
27
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essential factor keeping the private car owners who possess the above
characteristics from choosing an electric vehicle. The study well explains the
importance of giving more publicity to electric vehicle and strengthen the
awareness of electric vehicle, especially for the environmental value.
From the significant factors of the regression results, we found that fuel
cost and maintenance cost occupy a highly significance compared with
acquisition price, and respondents (consumers) consider the fuel cost and
maintenance cost most, which illustrates that compared with the purchasing
subsidy, lower the operation cost from the supply side is much more effective
to the cultivation and promotion of the EV market. Only if we guarantee the
edging advantages of a low long-term usage cost, can we guide the
consumers’ choices and promote the development and large-scale operation
of the EV market. Meanwhile, both charging convenience and charging time
are important factors influencing EV consumers’ utilities.
Through a comparison between the studies abroad and our study, we
could find the similarities and differences on EV consumer behavior between
developing and developed countries. Similarities include: (1) Consumers are
not sensitive to the parking preferential policy; (2) low and middle income
families enjoy a higher possibility of buying electric vehicle compared with the
high-income family, if other conditions remain controlled; (3) Middle-income car
owners are more sensitive to price compared with high-income car owners, the
same conclusion drawn from the Canadian case done by Potoglou and
Kanaroglou [21]. The differences include: (1) This paper shows an
insensitiveness to price for the Shanghai consumers; (2) A higher percentage
exists in the low and middle income families to buy electric vehicles compared
with the high income family founded in South Korea’s study conducted by Yoo
and Kwak [23].
Stimulus policies’ insignificance shows that consumer decisions are not
influenced by the governmental policies in the present social circumstances.
The result shows that different emphases should be laid on governmental
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support in different EV developing stages. In the initial stage, the government
should emphasize more on the increase of charging infrastructure coverage
and the competitive forces of charging stations. In the developing stage, by the
implementation of demand management side policy, clear explicit incentive
mechanism could be introduced to the larger-scale realization of EV
substitution. At the same time, a clear policy stimulus signal is conducive to
increase the stability of relative investment income in the industrial chain,
overcome the bottleneck of technology innovation and cultivate the market
effectively.
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Appendix: The Sheet of nested-logit model data
Gasoline
Level2

Electric Vehicle(1)

Options
Characteristics

Vehicle(2)

Unknown
parameters

Battery

Fast & Slow

Slow Charging &

Fuel

Swapping(11)

Charging(21)

Battery Swapping(31)

Charging(12)

δ21n

δ31n

δ12n

λ2

Level1

δ11n

Choice
Dummy

Xm1

1

0

θ1

Noise Degree

Xm2

X12n

X22n

θ2

The jth Variable Property

Xmj

X1jn

X2jn

θj

Indepe
Lev

ndent

el2

Variabl
es

Indepe

X(r|m

Lev

ndent

)1

el1

Variabl

1

0

0

0

β1

0

1

0

0

β2

Dummy
es

X(r|m
)2
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X(r|m
0

0

1

0

β3

X(1|1)4n

X(2|1)4n

X(3|1)4n

X(1|2)4n

β4

X(1|1)5n

X(2|1)5n

X(3|1)5n

X(1|2)5n

β5

X(1|1)6n

X(2|1)6n

X(3|1)6n

X(1|2)6n

β6

X(1|1)kn

X(2|1)kn

X(3|1)kn

X(1|2)kn

βk

X(1|1)(k+1)n

X(2|1)(k+1)n

X(3|1)(k+1)n

X(1|2)(k+1)n

βk+1

X(1|1)(k+2)n

X(2|1)(k+2)n

X(3|1)(k+2)n

X(1|2)(k+2)n

βk+2

)3

X(r|m
Acquisition Price
)4

X(r|m
Mileage
)5

X(r|m
Preferential Policy
)6

Interacti
ve
Variabl

The kth Independent

X(r|m

Variable Property

)k

Acquisition cost* Monthly

X(r|m

Family Income

)k+1

Mileage*Charging

X(r|m
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es

Convenience

)k+2

The pth Interactive

X(r|m

Variable Property

)k+p

X(1|1)(k+p)n

X(2|1)(k+p)n

X(3|1)(k+p)n

X(1|2)(k+p)n

βk+p
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